Abstract: As we walk, we must accurately place our feet to stabilize our motion and to 41 navigate our environment. We must also achieve this accuracy despite imperfect sensory 42 feedback and unexpected disturbances. Here we tested whether the nervous system uses 43 state estimation to beneficially combine sensory feedback with forward model predictions 44 to compensate for these challenges. Specifically, subjects wore prism lenses during a 45 visually guided walking task, and we used trial-by-trial variation in prism lenses to add 46 uncertainty to visual feedback and induce a reweighting of this input. To expose altered 47 weighting, we added a consistent prism shift that required subjects to adapt their estimate 48 of the visuomotor mapping relationship between a perceived target location and the motor 49 command necessary to step to that position. With added prism noise, subjects responded to 50 the consistent prism shift with smaller initial foot placement error, but took longer to adapt, 51 compatible with our mathematical model of the walking task that leverages state estimation 52 to compensate for noise. Much like when we perform voluntary and discrete movements 53 with our arms, it appears our nervous systems uses state estimation during walking to 54 accurately reach our foot to the ground. 55 56 New & Noteworthy: Accurate foot placement is essential for safe walking. Here, we used 57 computational models and human walking experiments to test how our nervous system 58 achieves this accuracy. We find that our control of foot placement beneficially combines 59 sensory feedback with internal forward model predictions to accurately estimate the body's 60 state. Our results match recent computational neuroscience findings for reaching 61 movements, suggesting that state estimation is a general mechanism of human motor 62 control. 63 3 Introduction: 64
subjects would rely more on a forward model prediction to best estimate target position 110 with increased measurement uncertainty. To expose altered weighting of visual feedback 111 after noise familiarization, we added a consistent prism shift requiring subjects to adapt 112 their mapping estimate to reduce foot placement errors. 113 We contrasted the state estimation controller with another commonly used 114 adaptation controller driven by task error (Haith and Krakauer 2013 ). In the former 115 controller, subjects step toward the estimated target location, which is updated by weighted 116 sensory prediction errors. In the latter controller, subjects step toward the sensed target 117 location adjusted by a correction term, which is updated by weighted sensed foot 118 placement (or task) error. Both controllers predict that reweighting should result in a 119 slower error correction in response to the consistent prism shift for higher noise 120 conditions. However, the state estimation controller uniquely predicts that reweighting 121 results in smaller initial foot placement errors and a tendency for error to increase before 122 decreasing following the consistent prism shift. 123 124
Materials and Methods: 125

Subjects 126
Twenty-four subjects (aged 21.8 ± 2.8 years; 15 male, 9 female; 21 out of 24 right leg 127 dominant, as defined by the leg used to kick a soccer ball) with no known musculoskeletal, 128 neurological, or visual disease participated in this study. Six subjects wore corrective lenses 129
133
Experimental Task 134
Subjects performed a modified visually guided, precision walking task (Alexander et 135 al. 2011 (Alexander et 135 al. , 2013 characterized by having to walk across a 6 m path and step with the right 136 foot onto the medial-lateral center of one target (36 x 3 cm) without stopping (Fig. 1A) . A 137 LCD projector (Epson EX7200) displayed the green target on the ground. Because we were 138 interested in medial-lateral foot placement error, we used a long target length to reduce the 139 accuracy demand in the anterior-posterior direction, which also prevented subjects from 140 needing to shuffle their steps as they approached the target area. phase of the protocol. The goggles blocked peripheral vision, forcing subjects to look only 152 through the lenses. Visually guided movements require that the brain maintain an accurate 153 mapping between the perceived target location and the motor command necessary to direct 154 the limb to that position. Prism lenses disrupt the normal visuomotor mapping. Thisinduces movement errors after walking and stepping to the perceived location of the target, 156 thereby requiring subjects to adapt (Alexander et al. 2011 (Alexander et al. , 2013 . By setting a new mean 157 prism shift during a block of trials, while randomly changing prism lenses around this 158 constant mean on a trial-by-trial basis (prism noise), we studied how subjects adapted 159 when faced with different amounts of measurement uncertainty. We based these prism 160 noise perturbations on the third experiment of Burge et al. (2008) , which used trial-by-trial 161 visual perturbations to induce measurement errors. While it is unknown whether subjects 162 interpret the prism noise as visual (sensory) noise or a randomly changing internal state, 163 either interpretation allows testing of the state estimation hypothesis. A state estimation 164 controller would rely more on a forward model prediction with increased prism noise 165 because prism noise reduces the certainty with which the controller can estimate the mean 166 prism shift from measured errors. Therefore, this type of perturbation shares a common 167 characteristic with other experiments that use blur to degrade visual information-there is 168 little to no benefit to adapt based on measurement error. However, unlike blur, the 169 statistics of the noise can only be observed over many trials. 170
Subjects started each trial at random anterior-posterior locations within a 1.8-to 3-m 171 distance from the target. This helped to avoid subjects learning a specific stepping sequence 172 and ensured the task remained under visual guidance. To begin a trial, subjects opened 173 their eyes and immediately started walking. We instructed subjects to walk at a quick and 174 constant pace during the task (as if late for class). While locomotion is a continuous process 175 that relies on real-time sensory information, these guidelines minimized online corrections 176 of the leg/foot trajectory to more closely match previous reaching experiments, in which 177 the movements are ballistic and emphasize use of sensory feedback prior to the movement.
Recent work in precision walking also demonstrates that visual feedback is used prior to, 179 but not during, a step to a target (Matthis et al. 2015) . Subjects walked with an average 180 speed (± SD) of 1.9 ± 0.3 m/s, and we verified the presence of smooth foot marker velocity 181 profiles and absence of sudden changes in foot marker trajectory during steps to the target 182 to confirm the lack of online corrections. Our instructions also emphasized that the goal of 183 the task was to step onto the center of the medial-lateral location of the target, to look down 184 to see foot contact on the target, and to not stop until taking at least one step after the 185 target. Subjects kept their eyes closed before each trial, and again when walking back 186 (under experimenter guidance) to the start position to avoid additional adaptation between 187 trials. To ensure that subjects performed the task correctly, we provided them with 188 familiarization trials (n = ~5) that preceded the actual experiment. Subjects wore flat lenses 189 (0 diopters) in the goggles during these trials. 190
191
Experimental Protocol 192
Each protocol consisted of 50 baseline, 60 adaptation, and 5 post-adaptation trials. 193
The mean prism shift in these phases was 0 diopters (0°), 18 diopters (~10.3°), and 0 194 diopters (0°), respectively. We used different ranges of trial-by-trial prism shifts to create 195 three distinct levels of measurement uncertainty (referred to as noise) during the baseline 196 and adaptation phases: no noise, low noise, and high noise ( shift. Regardless, the prism shift values were fixed at 0 and 18 diopters for the last baseline 214 phase trial and first adaptation phase trial, respectively, and the distance to the target was 215 fixed at 1.8 m in these trials to ensure that the same perturbations occurred in the first 216 adaptation trial across all conditions. 217
To establish that our noise conditions created three different levels of uncertainty, we 218 determined the variability of foot placement error in the baseline phase for each condition, 219 defined by the standard deviation across baseline trials. A one-way repeated measure 220 ANOVA and subsequent Tukey post hoc test demonstrated that, compared to the no noise 221 condition, variability in foot placement error increased by 74.6% and 206% in the low and 222 high noise conditions, respectively ( Fig. 1D ; F 2,46 = 73.3, P < 0.0001 ).
To minimize the order effects and to allow for a within-subject analysis, we used a 224 fully counterbalanced design that accounted for the order of noise conditions and direction 225 of the mean prism shifts in the adaptation phases. Specifically, we randomly assigned two 226 subjects to one of twelve noise order-prism direction protocols, each with a unique noise 227 condition order and with the direction of the mean prism shift in the adaptation phase 228 alternated in a rightward-leftward-rightward sequence or leftward-rightward-leftward 229 sequence (see Fig. 1E for example). The alternating mean prism shift during the adaptation 230 phase also served to reduce the effect of learning the mean shift across conditions 231 (Krakauer et al. 2005 ). Due to time constraints and to prevent fatigue, subjects performed 232 two conditions separated by a 10 minute rest break on one day, and the third condition 233 during a second day, with an average interval between testing sessions of 6.3 ± 3.1 days. 234
The first and second testing session lasted ~2.5 hours and 1 hour, respectively. 235
236
Visually Guided Walking Model 237
We used a mathematical model to simulate foot placement errors, as well as sensory 238 feedback in response to foot placement motor command inputs, during the visually guided, 239 precision walking task. We then used this model to test two competing control schemes for 240 planning these motor commands (described in the next sections). The model has three 241 system states: medial-lateral target position relative to the starting location x 1 , the mean 
Therefore, we directly varied 1 v to mimic the experimental prism noise conditions, whereas 283 we considered α fixed across conditions. Matrix parameters are defined in Table 1 .
To simulate the visually guided walking model, the model input u must be defined at 285 each trial and we tested two competing control models for planning this command 286 (described in the next sections). We compared their ability to predict experimentally This takes into account system parameters, AandC, and noise parameters, Qand R. In our 314 model, the estimator is assumed to initially know the values of Qand R, whereas the 315 subjects in our experiments must learn these statistics during the baseline phase. 316
The Kalman Filter algorithm produces relatively large entries for L when the process 317 noise perturbing a state is large compared to the sensory noise corrupting measurement of 318 that state. Conversely, relatively small weightings are optimal when sensory noise 319 dominates. Importantly, L also allows some measurements to play a larger role in 320 estimating a state than others, depending on their relative amounts of sensor noise. ( 1) ( 1) ( 1)(
Learning rate m is a weighting term that determines how strongly the previously 351 measured task error updates the current correction term. Forgetting rate a determines 352 how the previous correction influences the current correction and is generally close to but 353 less than 1. While m appears qualitatively similar to the estimator feedback gain L, which g a m , where g and a are fixed and m is 364 assumed to vary across the no, low, and high noise conditions. We performed parameter 365 identification to determine ( , , ) g a m as described in the previous section. 366
Model Simulations and Predictions 370
We paired the competing foot placement controllers with the visually guided walking 371 equations and simulated task performance by integrating the difference equations over 115 372 trials. We completed SPEC based simulations for the no, low, and high noise conditions after 373 first solving for L based on the nominal parameter values derived from the parameter 374 identification. We completed TEC based simulations at varying levels of m based on 375 nominal values. Since the purpose of modeling was to generate average expected 376 adaptation profiles, we set the noise values to zero during the simulations, and therefore, 377 only the mean prism shift p influenced the visuomotor mapping.
378
Both controllers adapt to the prism shift during the adaptation trials, reducing foot 379 placement error over many trials ( Fig. 2A,B) . The SPEC specifically predicts that this 380 adaptation slows for increasing levels of prism noise (Fig. 2C) . To compensate for increased 381 noise, the state estimator decreases weightings on sensory prediction errors (components 382 of L), and therefore these errors update the state estimates less at each trial. This controller 383 result is robust across a wide range of noise parameters (Fig. 2F) . For the TEC, decreases in 384 learning rate m correspond with slowing of the foot placement adaptation (Fig. 2C) , and this 385 is true despite variations in the forgetting rate a (Fig. 2G) . Both controllers therefore 386 predict that compensations in L or m to reduce foot placement errors associated with 387 prism noise result in increased response times, defined as the number of adaptation trials 388 necessary to achieve 95% of the total adaptation. 389
The SPEC also predicts that two additional features of the adaptation profile will vary 390 with prism noise. Foot placement error in the first adaptation trial indicates the initial 391 sensitivity to the shift in mean prism diopter and is expected to decrease with increasingprism noise because sensitivity to sensory prediction error feedback regarding target 393 position is reduced ( Fig. 2A,D) . As a result, the estimate of the target position relies more on 394 the predicted target position determined by the forward model of the task, which is based 395 on previous experience. For the same reason, foot placement error is expected to first 396 increase before decreasing during the adaptation trials for high levels of prism noise (Fig.  397 2A
x . Sensory 400 prediction error feedback corrects the state estimates over time but this correction is 401 slower (error buildup increases) for increased prism noise. Both controller outcomes are 402 robust across a wide range of noise parameters (Fig. 2F) . Importantly, the TEC does not 403 produce variations in first adaptation trial error and error buildup-we thus use their 404 presence or absence in the empirical results to distinguish between these two competing 405
controllers. 406 407
Data and Statistical Analyses 408
We filtered the kinematic data from our experiments using a fourth-order low-pass 409
Butterworth filter (cut-off frequency of 6 Hz). We determined foot placement on the target 410 as the time at which point the foot marker anterior-posterior velocity and acceleration 411 profiles stabilized to zero. The medial-lateral distance between the foot position marker 412 and the center of the target at this time point defined the medial-lateral foot placement 413 error (see Fig. 1A ), where positive error represents foot placement to the right of the target.
the three noise conditions, we changed the sign of the errors during leftward prism shifts to 416 positive for the purpose of our analyses and illustrations. 417
To test whether subjects adapted in the face of measurement uncertainty, we 418 compared performance at specific 'probe' trials (i.e., foot placement error in last baseline, 419 first adaptation, last adaptation, and first post-adaptation trials) using a two-way 420
(Condition x Probe Trial) repeated measure ANOVA, and Tukey post hoc tests for significant 421 main effects or an interaction. These 'probe' trials had prism shift values of the mean of 422 each respective phase, and thus allowed comparisons across noise conditions. 423
We quantified three metrics of the effects of measurement uncertainty on adaptation: 424 subjects to reduce movement errors in the adaptation phase, the second measure instead 434 focuses on the period of rapid early adaptation and does not depend on any extra treatment 435 of the data. To test for differences with each measure, we used separate one-way repeated 436 measure ANOVAs, and Tukey post hoc tests when warranted. We analyzed data usingcustom-written MATLAB programs, and we used JMP 12 software (SAS Institute Inc., Cary, 438 NC) for all statistical analyses with an alpha level of 0.05. 439 440
Results: 441
We first confirmed that subjects adapted in the face of measurement uncertainty. 442 Figure 3A illustrates group mean (± SE) foot placement error across the baseline, 443 adaptation, and post-adaptation phases for each of the three noise conditions. This figure  444 demonstrates that error increased significantly in the adaptation phase compared to 445 baseline but progressively decreased over repeated trials. In the post-adaptation phase, we 446 found large errors in the opposite direction that quickly decreased over five trials. As 447 shown in Fig. 3B , a significant Probe Trial main effect (F 3,252 = 510.6, P < 0.0001) and 448 Increasing measurement uncertainty slowed adaptation, a result predicted by both 455 our controllers. Specifically, we found that greater prism noise led to slower adaptation 456 when comparing foot placement error early in the adaptation phase (i.e., mean of trials 2 -457 9) and the response time between noise conditions. The mean foot placement error in the 458 high noise condition greatly exceeded that in the low and no noise conditions ( Fig. 3C ; F 2,46 459 P < 0.0001). In this case, response time in the high noise condition exceeded response time 461 in the low noise condition, which differed significantly from the no noise condition. 462
Both SPEC and TEC explained the average measured adaptation profiles (see Fig. 4) . 463
The SPEC captured 95.2% of the variance in the average data (Fig. 4A,C) (Fig. 4D) . 470
Identified values for m of 0.197±0.018, 0.093±0.007, and 0.076±0.006 reflect the decreased 471 adaptation rates across the no, low, and high noise conditions, respectively. Thus, direct 472 fitting of the adaptation data does not distinguish the two controllers, as the total explained 473 variance is equivalent. Differences in initial adaptation behavior between the two 474 controllers are reflected in the model states (Fig. 4E,F) , where initial estimates of target 475 location vary as a function of prism noise in the SPEC. 476
As supported by the SPEC, foot placement error in the first adaptation trial decreases 477 with increasing prism noise level. This trend is based on the expectation that subjects will 478 reduce the weighting of sensory prediction error feedback regarding target position in 479 favor of the forward model prediction of line position when faced with increased prism 480 noise. When we focus on this trial (Fig. 3E) , we found smaller error in the high noise 481 condition compared to both the low and no noise conditions (P < 0.05, based on post hoc 482 tests following a significant Condition x Probe Trial interaction described earlier).
Specifically, we observed 31.4% and 65.2% greater error in the low and no noise 484 conditions, respectively, compared to the high noise condition. Furthermore, we found 485 smaller error in the low noise condition compared to the no noise condition. 486
We also observed error buildup in the adaptation profiles (right panel of Fig. 3A) , a 487 feature specifically predicted by the SPEC (see Fig. 2 ). The number of trials of error buildup, 488 characterized by an initial increase in foot placement error prior to a gradual decrease, 489 tended to increase with prism noise (Fig. 3F) . We found greater error buildup in the high 490 noise condition compared to both the low and no noise conditions (F 2,46 = 16.0, P < 0.0001). uncertainty. A graphical analysis of the residuals also emphasizes this point (Fig. 4C,D) . mappings to create greater measurement uncertainty, they found no effect on adaptation 525 rate. However, their perturbations only affected visualized hand position, not the entire 526 visual field as we have done here, and were drawn randomly from a Gaussian distribution 527 without consideration of order effects. In contrast, we reordered our randomly drawn 528 perturbations to increase the perception of noise about a mean shift and applied themuniformly to the visual field, possibly increasing the likelihood that noise statistics were 530 learned and attributed to sensory noise within the baseline period. 531
The presence of error buildup has not been observed in other motor adaptation 532 studies or been proposed as evidence of state estimation based control. Error buildup in 533 our SPEC model occurs because the state estimator incorrectly attributes sensory 534 prediction errors associated with the initial foot placement errors to a shift in estimated 535 target location 1 x instead of estimated mean prism shift 2 x (Fig 4E) . This behavior is 536 possible in a visually dominant task where a change in a sensed state (e.g., measured target 537 location 1 y ) could be attributed to a change in multiple body states (e.g., 1
x or 2 x ), and other 538 sensory information is not helpful for making the distinction. This behavior is also only 539 expected to occur when subjects are exposed to measurement uncertainty prior to a 540 sustained mean shift requiring adaptation, relatively uncommon conditions in motor 541 adaptation studies. Our findings support the use of our experimental protocol and induction 542 of error buildup as a possible tool for demonstrating and studying state estimation in future 543 reaching and stepping motor control studies. 544
Given the perturbations applied in this study, we believe state estimation is the 545 appropriate framework for developing a predictive model and drawing conclusions from 546 the experimental findings. However, the nervous system likely relies on additional 547 mechanisms to compensate for other perturbations. Foot placement in real-world 548 environments would face a variety of perturbation types and over a range of time scales. 549 resemble a state estimator. Here, persistence refers to the likelihood of a perturbation 553 repeating from trial to trial (high persistence = high likelihood of a repeat). Therefore, any 554 conservative strategy of aiming more centrally with increased noise-like perturbations will 555 converge to be equivalent to optimal state estimation (Kalman filter) if the subject's actions 556 are optimal or near optimal. Alternatively, when compensating for perturbations with 557 varied persistence (zero mean and constant amplitude), an optimal controller would Thus, while the sensory weightings during our experimental task are likely different than in 568 more typical walking scenarios, we expect that the general use of state estimation is 569 common between them, even when a strong reliance of vision is absent. 570
The notion that state estimation drives foot placement during walking, like it does for 571 hand position during reaching, implies that these tasks may share common neural 572 substrates. However, locomotion is often studied from the perspective that pattern predictive scaling of grip force is impaired in cerebellar patients relative to healthy control 594 subjects (Nowak et al. 2004 (Nowak et al. , 2007 . The cerebellum is also necessary for sensory prediction 595 error to drive visuomotor adaptation during reaching (Taylor et al. 2010; Tseng et al. 2007) . 596 indirect support comes from studies of rapid online corrective or change-in-direction 599 movements, which test for rapid integration of visual feedback with a real-time estimate of 600 limb and target state. For example, transcranial magnetic stimulation (TMS) to the lateral 601 cerebellum disrupts the initial change in reaching direction to a target and increases 602 endpoint finger error, and these results are consistent with the hand estimate being out of 603 date (Miall et al. 2007 ). Additionally, TMS to mIPS at the onset of goal-directed reaches 604 disrupts path corrections after unexpected target shifts (Desmurget et al. 1999) , and TMS to 605 aIPS impairs the ability to produce the appropriate forearm orientation when the grasp 606 object is suddenly rotated (Tunik et al. 2005) . We speculate that the cerebellum and PPC 607 play a role in our task, and walking in general, given that (1) 
